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Abstract—Balancing the execution times of concurrent tasks in a
multi-core processor is critical to achieving good performance
scaling with increasing core count. However, this is difficult
when the tasks' execution times are not known in advance. In
this work, we propose an intelligent Network-on-Chip that
performs bandwidth regulation using weighted round robin
packet arbitration to balance the execution times of 4 Feature
Extraction Clusters whose workloads vary depending on the
input content. A neuro-fuzzy inference block, named the
Intelligent Inference Engine, predicts the workload of each FEC,
and assigns a priority weight to each FEC channel. As a result,
34% reduction in synchronization overhead due to unbalanced
execution time was achieved, and the overall execution time was
reduced by 11.5%.

I.

INTRODUCTION

Embedded applications such as automobile driver
assistance and augmented reality require parallel multi-core
object recognition processors to achieve real-time
performance while consuming low power [1,2]. The power
efficiency of an object recognition processor can be further
improved by visual attention, which selects only relevant
image regions for detailed processing. Object recognition
processors containing dedicated accelerators for visual
attention [3,4] have been shown to reduce power
consumption for certain scenes. However, their limitation is
that they employ only bottom-up saliency based attention [5],
which only works when the target object is more salient than
the background.
The Unified Visual Attention Model (UVAM) [6]
combines saliency based attention with top-down familiarity
attention to improve attention accuracy, and thus achieve
average workload reduction of 76%, even for scenes with
salient backgrounds. An important feature of the UVAM is
the feedback path from the recognition result back to
attention, which guides the subsequent selection of image
regions towards target objects. However, this introduces
dependencies between the otherwise parallel object
recognition tasks, which may negatively impact the
utilization of a multi-core processor.
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Figure 1. Execution time balancing by bandwidth regulation.
Dependencies between parallel tasks in a multi-core
processor introduce synchronization issues. Most often, a
synchronization barrier [7] is used to block execution of each
task until all tasks arrive at a certain point in the algorithm. It
is therefore crucial to balance the execution time of parallel
tasks in order to minimize the idle time, and thus achieve
high application performance. The two main factors that
cause unbalanced execution time of parallel tasks are their
dependency on the input data and/or algorithm and their
dependency on external resources, such as shared memory
bandwidth.
In this work, we present an intelligent Network-on-Chip
(NoC) to balance the execution time of concurrent tasks in an
heterogeneous multi-core object recognition processor [8]
through dynamic workload prediction and bandwidth
regulation. The workload prediction is performed efficiently
by the Intelligent Inference Engine (IIE), a mixed-mode
neuro-fuzzy logic block. Based on this prediction, the uneven
execution times of the tasks can be balanced out using
bandwidth regulation implemented by weighted round robin
arbitration[9].
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Figure 2. Task diagram of UVAM based object recognition.
Figure 3. UVAM hardware mapping.
II.

TARGET APPLICATION

A. UVAM based Object Recognition
The Unified Visual Attention Model (UVAM) [6],
combines bottom-up saliency attention and top-down
familiarity attention to attain highly accurate visual attention
selection. The key advantage of the UVAM is that the result of
feature extraction and subsequent feature matching on
previously selected tiles is used to select the next set of tiles,
as depicted by the feedback loop in fig. 2. As a result, topdown knowledge of the target objects is incorporated into the
tile selection process, leading to more accurate tile selection
and lower overall workload.
The most computationally complex portion of the UVAM
is the feature extraction (FE) task, composed of feature
detection (FD) and descriptor generation (DG) tasks. Each FE
task takes 1 32x32 pixel image tile as its input, and outputs 1
128 dimensional descriptor vector for each feature detected in
that tile. Despite its high complexity, the FE task can be
accelerated by exploiting task level parallelism. As shown in
fig. 2, multiple FE tasks can be executed in parallel, and the
FD and DG subtasks within each FE task can also be executed
in parallel.
However, the downside is that each set of tiles must be
completed before the next set of tiles can be selected. This is
enforced by a synchronization barrier, which blocks execution
until all feature extraction tasks have completed.
B. Feature Extraction Task Execution Time
The execution time of the feature extraction task depends
on two factors. First, the workload of the task itself can vary
depending on the number of features that are detected from
each tile, NF. Second, the communication time can vary
depending on the amount of congestion on the communication
medium. Thus the FE task execution time, which consists of
the computation time and the communication time, can be
expressed as
tFE = tcomp + tcomm,

(1)

where tcomp = (α+NFβ),

(2)

and tcomm = γ(δ+NFε).

(3)

Here, α, β, δ, and ε are constants that are algorithm
dependent. α and β are the offset and proportional
computation times, respectively, while δ and ε are the offset
and proportional communication time, respectively. More
interesting, are the variables NF and γ. NF, as mentioned above,
is the number of features in each tile. γ is the congestion factor
whose value is equal to or greater than 1. γ = 1 for the best
case with no congestion.
Since NF depends on the image content and is out of our
control, assuming we can approximately predict NF, we may
be able to equalize the execution times for concurrent FE tasks
by controlling the congestion factor γ.
III.

SYSTEM ARCHITECTURE

Figure 3 shows the overall hardware mapping of the
UVAM. The main processing elements are organized into the
Cognitive Control Layer (CCL) 4 Feature Extraction Clusters
(FEC), and a Feature Matching Processor (FMP). Two
bidirectional off-chip gateways, not explicitly shown in fig.3,
provide access to off-chip memories and a host controller.
The CCL consists of a RISC processor, the Intelligent
Inference Engine (IIE) [10], the Visual Attention Engine
(VAE), the power mode controller (PMC), and some fixed
function units for accelerating visual attention. The IIE is a
versatile mixed mode adaptive neuro-fuzzy inference system
(ANFIS) [11] that was previously demonstrated to be capable
of familiarity inference and power mode prediction [8]. In this
work, the IIE is also used for FE task workload prediction as
will be explained in section IV.
The 4 Feature Extraction Clusters (FEC) are capable of
executing 4 FE tasks in parallel. Each FEC consists of 1
Vector Processing Element (VPE) for the FD task and 8 Scalar
Processing Elements (SPE) for the DG task. The VPE is a 20way SIMD processor optimized for the data-parallel
operations of the FD task. The SPE is a 16b scalar processor
with special instructions optimized for the DG task.
A total of 51 IPs are connected by a 2-level hierarchical
star augmented by a ring network connecting the FECs' local
routers, as shown in fig. 4. The hierarchical star network
provides low latency, high bandwidth within each local
network, as well as a low maximum hop count of 3 between

Figure 4. Hierarchical Star + Ring NoC topology.
any two nodes in the network. The ring network provides
additional bandwidth for inter-FEC communication.
IV.

INTELLIGENT WORKLOAD BALANCING

A. Neuro-Fuzzy Workload Prediction
It was shown in equations (1)~(3) that if the number of
features NF of each FE task can be predicted, then the
execution time of concurrent FE tasks can be balanced by
controlling the congestion factor γ. Normally, NF is only
known after executing the FD subtask, which consists of
complex operations such as Gaussian pyramid generation and
local maximum search. However, since NF is closely
dependent on the texture content, the IIE can be used to
predict NF using three simple statistics as shown in fig. 5. The
variance of pixel intensities, and the peak counts from the
vertical and horizontal projections of a tile provide clues on
the amount of texture contained in the scene. The IIE uses
fuzzy-logic rules that have been previously learned to infer NF.
It should be noted that the IIE need not predict the exact value
of NF. In most cases it is enough to correctly predict the
relative values of NF, since the priority weights assigned to
each FEC are relative values as well.
B. Weighted Round Robin Bandwidth Regulation
Most network congestion occurs for traffic converging to
the off-chip memory. Therefore the congestion factor γ can
be controlled by regulating the bandwidth of traffic going
through the off-chip gateways (OGW). The global router

Figure 6. Global router architecture.
architecture is shown in fig. 6. The output ports to the OGWs
are controlled by weighted round robin arbiters [9]. In
weighted round robin arbitration, input ports with higher
priority are granted a proportionately higher bandwidth.
Therefore, for FE tasks with large NF, a high priority weight
is assigned for the corresponding FEC channel. This
effectively reduces the congestion factor γ to balance out the
execution time among FE tasks. The register file holding the
priority weights are accessed directly by the CCL input port.
Simulation results of the proposed bandwidth regulation
are shown in fig. 7. The data transfer rates between 4 FECs
and the off-chip memory are plotted against time with and
without bandwidth regulation. It can be seen that the transfer
rate of the off-chip memory(synchronous SRAM) maxes out
near 800 MB/s. When all of the FECs contend for off-chip
memory bandwidth without bandwidth regulation, it can be
seen that each FEC gets about 25% or 200 MB/s of the
available bandwidth. However, with bandwidth regulation
enabled, FEC3, which would have otherwise finished last, is
assigned the highest priority weight and finishes first. As a
result, in this example the overall execution time of the 4
FECs is reduced by 12.1%.
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Figure 5. Predicting NF using the IIE.

Figure 7. Bandwidth regulation results.
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Fig. 9. Augmented reality headset demonstration.

Fig 8 Chip photograph and NoC summary
V. IMPLEMENTATION RESULTS
The heterogeneous multi-core object recognition chip[8],
shown in fig. 8, is implemented in a 0.13um CMOS process
and contains 2.93M gates and 612kB of SRAM. The NoC
and all IPs, excluding the analog portion of the IIE and level
shifting circuits for power domain crossing, are implemented
in a standard cell PnR flow. The location of the PnR'ed
routers and network interfaces (NI) are shown in fig. 8.
The object recognition processor has been integrated
within a augmented reality headset as shown in fig. 9. 30fps
VGA video is received from the VGA camera and processed
by the NoC based object recognition processor in real time.
Information about the recognized objects are overlaid on the
output video displayed on the head mounted display (HMD).
Thanks to the UVAM and workload balancing of the
intelligent NoC, a low power consumption of 345mW is
achieved. The neuro-fuzzy prediction based bandwidth
regulation was responsible for an average 34% reduction in
the idle time and 11.5% reduction in execution time of the
FECs. The measured output voltage of the IIE performing NF
prediction is shown in fig. 10. The evaluation time is only
250ns and negligible compared to the FE task.
VI.

CONCLUSION

An intelligent NoC that performs workload prediction and
workload balancing to accelerate object recognition in a 51 IP
SoC has been realized. Accurate content-based workload
prediction is performed by the IIE, which exploits the
correlation between texture content and the number of features,
NF, in each 32x32 pixel tile. The execution time of 4 FECs,
which each process 1 tile, is balanced by a weighted round
robin packet arbitration scheme that gives priority to FECs
that are assigned tiles with higher predicted NF. As a result,
11.5% average reduction in execution time was achieved. This
proves that NoC channel arbitration controlled by neuro-fuzzy
inference is an effective method for workload balancing in a
multi-core processor.

Fig. 10. Measured waveform of IIE inference output.
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